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A novel method for evaluation of clustering results for gene expression data based on

entropy theory

YI Dong', YANG Meng-su’s LI Hui-zhi’, HUANG Ming-hui®, WANG Wen- chang' ('Department of Health Statistics College of Pre-
ventive Medicine, Third Military Medical University, Chongqing 400038 China; 2App]jed Research Center for Genomics Technology, City Universi-
ty of Hong Kong; *Deparment of Electonic Technology, College of Criminal Investigation Southwest China University of Politics and Law,
Chongqing 400031, China)

Abstract: Objective To establish a systematic framework for the selection of the best clustering algorithm and
to povide an entrgpy evaluation method for clustering analysis of gene expression data. Methods Based on informa-
tion theoty, entrgpy is used to measure the consistency between the clustering results from six algorithms and the
known and validated functional classifications. Results In this study, we applied the enropy method for Lyer’ s
gene expression data. Six entrgpy curves of clustering algorithms were obtained. Conclusion According to the aive
of entropy, both SOM and Fwzy clustering methods show the highest ability to cluster on these two datasets.
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1 517
Tab 1 Classification of a part of 517 genes based on signal transduction
Signal transduction Immediate-early transcription factors Other transcription
Protein tyrosine kinase Rorl ATEF3 DB1
TGFBR3 CGFOS HIP116
Ndr potein kinase HGRP1 Méds! (mouse) homolog
Gean GTPase PUTATIVE DNA BINDING PROTEIN IDB1
EST Highly similar to OPIOID BINDING PROTEIN A20 AH receplor
EDG1 HIV-1 PROTEN 2 HEAT SHO(K FACTOR PROTEIN 2
NET1 ETS-2 DP2
SERINE/ THREONINE- PROTEN KINASE SGK ETS-2 ERF-2
SERINE/ THREONINE- PROTEN KINASE SGK DEC1 forkhead protein FREAG2
MAP KINASE PHOSPHATASE-1 TGF-beta mdudble early proten (TIHG) ERF-2

MAP KINASE PHOSPHATASE-1
MAP KINASE PHOSPHATASE-1
MAP KINASE PHOSPHATASE-1

MINOR

Jun B
CPBP

MAP KINASE PHOSPHATASE-1

2 517

Tab 2 Classification of a part of 517 genes based on wound healing

Cell cycle and po liferation

Coagulation and haneostasis

Tisue remodeling Gy tosk eletal reoganization

p57Kip CCNA THBD CALLA/ (D10 SPTBN1
p27Kip CCNA Facor 111 FBN2 EST highly sinilar t-adducn
CDK6 inhibitor CDC2 Facor 1T FMOD CAIDI1
WEEI-like protein kinase CKS2 Endothelin 1 TAMA2 Desmophkin [ and II
Pre-b-cell kukemia CCNBI PIAUR Alpha-1 type 3 cllagen Vimentin
hSIAHI1 CDK7 PAT 1 TIMP3 EDG1
PNA EST AA016305 PAT 1 Amingeptidase N NETI
P(NA D3 PAI2 Elastin
DNA topoisonerase D2 TFPI2 PLOD2
I CTPS TFPI2 CDH2
DNA topoisonerase Cyelin DI Furin
1l MK 167 CTGF
Madp2
CENP-F
RRM 1
RRM2
. 22 PR X AL lepk T8 guinato (X)
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Fig2 Entropy resulted from the Lyer s raw data and clustering
data of fbroblast roles in the physiology of wound healing
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